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The Teacher-Student Framework
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The Teacher-Student Framework
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The Teacher-Student Framework
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Advising Strategy
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Advising Strategy
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Advising Strategy
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Advising Strategy
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Algorithm 1 Action selection for a potential advisee 2

Require: advising probability function P, s, budget b, sk, action
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Advising Strategy
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» visit-based advising + SARSA(/)
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